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tal	drivers	 (e.g.,	 food).	Our	algorithm	gives	an	efficient	method	 for	 turning	a	 long,	
high‐resolution	movement	path	into	a	schematic	representation	of	broadscale	deci‐
sions,	allowing	a	direct	link	to	existing	point‐to‐point	analysis	techniques	such	as	op‐
timal	 foraging	 theory.	 It	 is	 encoded	 into	 an	R	 package	 called	SitesInterest,	 so	
should	 serve	 as	 a	 valuable	 tool	 for	making	 sense	 of	 these	 increasingly	 large	 data	
streams.
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high‐resolution	biologging	data	 (≥1	Hz	 resolution)	 give	 insight	 into	









et	 al.	 (2008)).	 For	 example,	 state‐space	modeling	 splits	 paths	 into	
predefined	 behavioral	 stages	 of	 movement,	 such	 as	 exploratory/
encamped	(Morales,	Haydon,	Frair,	Holsinger,	&	Fryxell,	2004),	for‐
aging/migrating	 (Jonsen,	 Flemming,	 &	Myers,	 2005),	 or	 transient/
resident	(Patterson,	Thomas,	Wilcox,	Ovaskainen,	&	Matthiopoulos,	
2008).	 Behavioral	 changepoint	 analysis	 segments	 a	 path	 into	 sec‐











nity	 to	make	better	 inference	of	 such	behavioral	modes.	However,	





























We	 apply	 our	 algorithm	 to	 both	 simulated	 data,	 where	 the	
sites	of	interest	are	known,	and	dead‐reckoned	1	Hz	tracks	of	cat‐
tle	movement	in	the	Alps	(Bidder	et	al.,	2015).	For	the	latter	data	








and	 also	 on	 CRAN (https://cran.r‐project.org/web/packages/








In	 particular,	 our	 method	 is	 designed	 to	 be	 used	 on	 large	 sets	 (of	
order 105	points)	of	≥1	Hz	resolution	data.	Like	previous	approaches	
(Barraquand	 &	 Benhamou,	 2008;	 Benhamou	 &	 Riotte‐Lambert,	
2012),	our	method	involves	sliding	a	disk	of	radius	R	along	the	animal’s	
path,	looking	for	disks	where	the	animal	spends	a	disproportionately	
































which	 the	path	 is	measured,	we	 rarefy	 the	 set	of	disks	 further	by	
removing	any	disk	that	overlaps	with	another	disk	of	higher	usage	
time	 (Supporting	 information	Appendix	 S1,	 Figure	1b).	 The	 salient	
information	from	the	resulting	collection	of	nonoverlapping	disks	is	











The	 resulting	 set	 of	 identified	 sites	 depends	 very	 much	 on	 the	
choice	 of	R,	 the	 disk	 radius.	As	 such,	we	need	 criteria	 to	 determine	
which	value	of	R	is	“best”	for	accurate	identification	of	sites.	In	practice,	
we	 found	 that	no	 single	 criterion	works	perfectly	 in	every	 situation.	
Instead,	we	give	a	technique	for	determining	a	value	of	R,	together	with	
a	 traffic‐light	 color	 (Red,	 Amber,	Green)	 denoting	 the	 level	 of	 confi‐
dence	we	have	in	our	algorithm	having	found	the	actual	sites	of	interest	
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for	the	animal,	where	Green	is	high,	Amber	is	intermediate,	and	Red	is	
low.	We	then	suggest	 that	 the	user	supplements	 this	with	biological	
intuition,	especially	in	the	Red	and	Amber	cases,	to	check	that	the	algo‐
rithm	has	returned	a	reasonable	estimate	of	the	actual	sites	of	interest.
The	 starting	 point	 for	 finding	R	 is	 to	 calculate	 the	MPD	 for	 a	









value	 or	 as	 TMPD	=	min(MPD)	+	k(max(MPD)	–	min(MPD)),	 where	
k	 is	 a	 constant,	 referred	 to	 as	 the	 adaptive threshold	 value.	 Here,	
min(MPD)	and	max(MPD)	are,	respectively,	the	minimum	and	maxi‐
mum	MPDs	for	all	values	of	R	tested	(see	e.g.,	Figure	1d).	Brownian	
motion	 simulations	 can	 be	 used	 to	 derive	 a	 lower	 bound	 for	 the	
threshold	value	(Supporting	information	Appendix	S1).
The	 second	 is	 a	 stability	 criterion,	 meaning	 that	 if	 the	 radius	 is	













To	 test	 the	 efficacy	of	 our	 algorithm,	we	 constructed	 a	 collection	
of	simulated	paths	using	a	switching	Ornstein‐Uhlenbeck	(OU)	pro‐
cess	(Blackwell,	1997;	Taylor	&	Karlin,	2014).	At	any	point	in	time,	an	
F I G U R E  2  A	flowchart	describing	how	
the	algorithm	is	implemented
The user inputs data.
The user is asked
for a range of values
for the radius.
A graph of the num-






percent drops is found.
The first local
maximum, which is
also stable is found.





A colour is as-
signed to the path.
Red is assigned if
the number of sites
are not the same.
Amber is assigned if
the number of sites
are the same, but
the radii are not.
Green is assigned
if the number of
sites and radii
are the same.
The user uses intu-




of values for the
radius or applies the
algorithm on segments
of the trajectory.





produced (see Figure 5).
Optional
User is not satisfied
User is satisfied
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object	following	a	switching	OU	process	has	a	center	of	attraction	
toward	which	it	is	moving.	However,	there	is	also	a	certain	amount	


























French	Alps	 in	 the	 Bauges	Mountains	 (Massif	 des	 Bauges,	 45.61°N,	
6.19°E).	 The	 cattle	 were	 tagged	 with	 Daily	 Diary	 tags	 (with	 triaxial	
accelerometers	 and	magnetometers;	Wildbytes	 Technologies	 http://
www.wildbyte‐technologies.com	 and	 Gipsy‐5	 tags;	 TechnoSmArt	
Tracking	Systems	http://www.technosmart.eu),	placed	inside	custom‐
built	 3D	 printed	 ABS	 plastic	 housings	 and	 attached	 to	 commercial	
nylon	cow	collars	(Fearing	Lifestyles,	Durham,	UK).	The	accelerometer	
















Our	 algorithm	correctly	 identified	 sites	of	 interest	 for	72%	of	our	
110	simulated	paths	(Figure	3a).	69.1%	of	these	paths	were	both	cor‐





Of	 those	 assigned	Amber,	 only	 two	 (1.8%)	were	 falsely	 identi‐
fied.	For	some	of	the	simulations	assigned	to	the	Red	category,	using	
either	the	threshold	criterion	or	the	stability	criterion	returned	the	
correct	 answer	 (see	 Supporting	 information	 Tables	 S10–S13).	 The	
results	presented	used	a	fixed	threshold	value	of	TMPD	=	65%	as	this	
minimized	the	number	of	incorrect	Green	paths.
3.2 | Results from Cattle data
Figure	 3b	 summarizes	 the	 results	 of	 running	 our	 algorithm	 over	
each	of	the	seven	cattle	trajectories	independently	(see	Supporting	
information	Table	S14	for	the	full	results).	These	results	came	from	
using	 a	 fixed	 threshold	 value	 of	 TMPD	=	50%,	 which	was	 chosen	
so	 as	 to	minimize	 the	 number	 of	 paths	 assigned	 to	 the	 red	 cat‐
egory	and	was	also	greater	than	the	lower	bound	found	from	the	
Brownian	 motion	 simulations	 (Supporting	 information	 Appendix	
S1).	 The	 running	 time	 for	 each	 trajectory	 (of	 30–40,000	 points)	
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was	less	than	a	minute	(Supporting	information	Table	S1),	whereas	
for	all	seven	together	(247,000	data	points),	it	took	just	over	4	min	






















If	 we	 use	R	=	100,	 a	 coarser‐grained	 value,	 we	 found	 six	 sites	
which	again	covered	the	majority	of	the	path,	so	was	not	a	very	in‐






F I G U R E  4   Identification	of	sites	for	seven	paths	of	cattle	movements	obtained	using	a	radius	of	R =	20	in	Panels	(a,b)	and	R	=	100	in	
Panels	(c,d).	Sites	of	interest	were	identified	from	the	bar	charts,	by	sight	for	R	=	20	and	R	=	100.	The	bars	are	labeled	alphabetically,	with	A	
being	the	circle	with	the	greatest	usage	time,	all	of	which	correspond	to	the	maroon	circles	in	the	right	hand	plots
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Although	 the	R	=	100	 case	 is	 in	 some	ways	better	 than	R	=	20	
since	it	recognizes	the	watering	hole	as	a	single	site	rather	than	two,	




As	well	 as	 identifying	 sites	 of	 interest,	 our	 results	 enable	 sim‐
plification	 of	 a	 complex	movement	 path	 into	 a	 schematic	 diagram	







which	 could	 be	 answered	 by	 using	 existing	 point‐to‐point	 tech‐
niques	 such	 as	 optimal	 foraging	 theory	 or	 step	 selection	 analysis.	
This	 is	 similar	 in	 flavor	 to	 the	 semantic trajectories	defined	by	Yan,	
Chakraborty,	Parent,	Spaccapietra,	and	Aberer	(2013).
Note	that	we	can	define	the	process	of	choosing	patches	such	













This	 paper	 introduces	 an	 efficient	 algorithm	 for	 decomposing	 a	
long,	high‐resolution	data	stream	of	animal	 locations	 into	a	simple	



















Unlike	 model‐based	 approaches,	 our	 algorithm	 makes	 no	 as‐
sumptions	 about	 why	 sites	 may	 be	 of	 particular	 interest,	 just	











As	 well	 as	 applicability	 to	 higher‐resolution	 data,	 our	 algo‐
rithm	has	 some	 qualitative	 differences	 to	 that	 of	 Benhamou	 and	




Riotte‐Lambert	 (2012)	 seek	 to	describe	 space	use	patterns	more	
generally.	 As	 such,	 their	 work	 focuses	 on	 constructing	 various	
“heat	maps”	 representing	 different	 aspects	 of	 space	 use,	 namely	

















eral	ways,	 specifically	 addressing	 the	concerns	of	Barraquand	and	
Benhamou	 (2008).	 In	principle,	 these	 techniques	 could	be	used	 in	
combination	with	 our	 usage‐time	 algorithm	 if	 the	 user	 is	 particu‐
larly	concerned	in	identifying	sizes	of	the	sites	of	interest.	However,	














improvement	 has	 been	 the	 addition	of	 the	 quantification	of	 uncer‐








Once	 sites	 of	 interest	 have	 been	 identified,	 together	with	 the	
transition	points	between	them	(Figure	5),	a	wealth	of	opportunity	
opens	 up	 for	 answering	 questions	 concerning	 routine	 movement	
behavior	(Ironside	et	al.,	2017;	Peron,	Fleming,	Paula,	&	Calabrese,	















gorithm	 turns	 long,	 complicated	 streams	of	data	 into	 simple	 sche‐
matic	decisions	of	broadscale	behavioral	decisions.	This	 technique	
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